In many observational studies, analysts estimate treatment effects using propensity scores, e.g. by matching or sub-classifying on the scores. When some values of the covariates are missing, analysts can use multiple imputation to fill in the missing data, estimate propensity scores based on the m completed datasets, and use the propensity scores to estimate treatment effects. We compare two approaches to implement this process. In the first, the analyst estimates the treatment effect using propensity score matching within each completed data set, and averages the m treatment effect estimates. In the second approach, the analyst averages the m propensity scores for each record across the completed datasets, and performs propensity score matching with these averaged scores to estimate the treatment effect. We compare properties of both methods via simulation studies using artificial and real data. The simulations suggest that the second method has greater potential to produce substantial bias reductions than the first, particularly when the missing values are predictive of treatment assignment.
Introduction
In many studies of causal effects, analysts can reduce the bias that results from imbalanced covariate distributions, at least for observed covariates, using propensity score matching. [1] [2] [3] [4] [5] The propensity score for any subject, e(x i ), is the probability that the subject receives the treatment given its vector of covariates x i ; that is, e(x i ) ¼ P(T i ¼ 1W x i ), where T i ¼ 1 if subject i receives treatment and T i ¼ 0 otherwise. If two units have the same propensity score, then their covariates can be shown to come from the same distribution. 1 Thus, by selecting control units whose propensity scores are similar to the treated units' propensity scores, analysts can create a matched control group whose covariates are similar to the treated group's covariates. Analysts then base inference on the treated and matched control groups, thereby avoiding any bias that results from imbalanced covariate distributions in the two groups, at least for those covariates in x. Other approaches to causal inference based on propensity scores include sub-classification, 6, 7 full matching 8, 9 and propensity score weighted-estimation. 10 Propensity scores are typically estimated via regressions of T on functions of x. [11] [12] [13] [14] When some covariate data are missing, these complete-data methods cannot be easily applied. Several strategies exist for overcoming this complication. 6, [15] [16] [17] In this article, we focus on the use of multiple imputation 18 to fill in the missing covariate data. In multiple imputation, the analyst repeatedly imputes missing values by sampling from their predictive distributions (estimated with the observed data) to create m > 1 completed datasets. The analyst then performs the complete-data analysis in each imputed dataset and makes inferences by combining the resulting point and variance estimates. 19 After multiply-imputing the missing covariate data, the analyst can estimate the propensity scores in each dataset via complete-data methods, thus obtaining m values of each unit's propensity score. What should the analyst do with these multiple propensity scores? One approach is to match treated and control units within each completed dataset, resulting in m estimates of treatment effects. The analyst then averages these m treatment effect estimates as the multiple imputation point estimate. We call this the Within approach. Another approach is to average each unit's m propensity scores, match treated and control units based on their averaged scores, and estimate the treatment effect from this single set of matched controls. We call this the Across approach. Both of these approaches seem intuitively reasonable strategies: which can we expect to be more effective? To our knowledge, this question has not been thoroughly investigated, except for one simulation study that demonstrated its complexities. 20 In this article, we shed further light on this issue. To do so, we use two types of simulations: a simple setting with artificial data, and a complicated setting with actual data. In both, our goal is to estimate an average treatment effect on those exposed, which we denote as . In Section 2, we formally define the Across and Within approaches. In Section 3, we compare properties of point estimates from the two approaches using simulation studies with artificial data. In Section 4, we extend these simulations to show that iterating the Across approach can reduce mean squared errors. In Section 5, we discuss difficulties in using the Across and Within approaches for variance estimation via the usual multiple imputation formulas. In Section 6, we compare the two approaches on genuine data concerning the effect of breast feeding on the child's cognitive development later in life. Finally, in Section 7, we conclude with a summary of our findings.
Across and Within approaches
. . , m n ) 0 be the n Â p matrix of missing data indicators for X. Let X mis ¼ fx ij : m ij ¼ 1 } and X obs ¼ fx ij : m ij ¼ 0}. For each unit i, the binary treatment indicator is T i 2 f0, 1}, and the outcome is
We assume that T and Y are fully observed.
In multiple imputation, values of X mis are filled in m times with draws from the predictive distribution, p(X mis W X obs , T), resulting in m completed datasets X ð1Þ com , . . . , X ðmÞ com . For each X ðkÞ com , let eðx ðkÞ i,com Þ be the estimated propensity score for unit i, where i ¼ 1, . . . , n and k ¼ 1, . . . , m. Each eðx ðkÞ i,com Þ is estimated using only the data in X ðkÞ com , for example with a logistic regression of T on some function of X ðkÞ com .
In the Across approach, we estimate the propensity score for each unit, e A,m (x i ), by averaging eðx ðkÞ i,com Þ over the imputations, so that
Let e A,m ¼ (e A,m (x 1 ), . . . , e A,m (x n )) 0 . Analysts use e A,m to find a matched control set; in this article we assume analysts use a one-to-one nearest neighbour matching scheme without replacement, although alternative matching schemes such as matching with replacement could also be used. Given the matched set, the analyst estimates in the Across approach witĥ
where Y A,m mc is the mean of the matched control units' outcomes selected in the Across approach and Y T is the mean of the treated units' outcomes.
The Within approach uses the propensity scores estimated from each completed dataset, eðX ðkÞ com Þ ¼ ðeðx ðkÞ 1,com Þ, . . . eðx ðkÞ n,com ÞÞ 0 , to obtain m matched control sets, one for each X ðkÞ com ; that is, matching is performed separately in each X ðkÞ com . Let Y ðkÞ mc be the average of the outcomes for the matched controls in X ðkÞ
The analyst estimates the treatment effect for the Within approach usinĝ
3 Simulation study of point estimate properties
We now compare the Across and Within approaches using simulations with artificial data. For each simulation run, we generate two covariates x for n ¼ 1100 records such that
where k ¼ (10, 10)', and D has variances equal to 5 with correlation 0.5. We generate the response Y so that, for all i
Here, without loss of generality for additive treatment effects, ¼ 0 for all simulations. We introduce missing data into x 2 based on missing at random mechanisms; we leave x 1 and Y fully observed. We consider three mechanisms for assigning treatment, including (i) assignment depends only on x 1 , (ii) assignment depends only on x 2 , and (iii) assignment depends equally on x 1 and x 2 . We assign treatments so that the estimate of from the difference in means of the treated and full control groups is severely biased. Results of the simulations are presented in Sections 3.1 to 3.3, and explanations for differences in the performances of the methods are in Section 3.4.
Simulation 1: treatment assignment depends only on x 1
In this simulation, we assign treatment from Bernoulli distributions where
Thus, treatment assignment depends only on x 1 . In any dataset, this generates approximately 100 treated units and 1000 control units. Figure 1 displays typical covariate patterns that arise from this design.
We consider two mechanisms for introducing missing data in x 2 . In the first, we randomly make some control units' x 2 values missing so that
In this way, units with larger x 1 values, which are the units most likely to be selected as matches, are more likely to be missing their x 2 values. Approximately 30% of control units' values of x 2 are missing. In the second, we use the same missing data patterns for the control units and also introduce missing values into 30% of the treated units' x 2 through a missing completely at random (MCAR) mechanism. We use the MCAR mechanism because the treated units already tend to have large values of x 1 . We impute missing x 2 from a normal linear regression of x 2 on (x 1 , T) with main effects only, using the appropriate Bayesian posterior predictive distribution with flat prior distributions. We do not control for Y in the imputations. This is done to remain consistent with the philosophy of propensity score matching: manipulation of covariates and the creation of a matched control set is done without consideration of the outcome values. 15 In this way, causal inferences based on the propensity scores are not affected by assumptions about the outcome variable. We note, however, that it can be advantageous to include the outcome variable in imputation models. 21, 22 We note that we observed similar results when imputing missing x 2 for treated and control units with separate models.
After multiple imputation of x 2 , we estimate the propensity scores eðx ðkÞ i,com Þ for each unit i in each of k ¼ 1, . . . , m completed datasets using a logistic regression of T on (x 1 , x 2 ). We then compute A,m and W,m as in Section 2. We repeat this process 1000 times, each time using new values of (X, T, Y, M). We can then also empirically estimate the true variance of the estimators A,m and W,m by taking the sample variance of the 1000 estimates. Table 1 summarises the point estimates and variances of A,m and W,m across the 1000 simulations for different values of m. Both the Across and Within approaches result in estimates of close to zero. The bias in A,m tends to be slightly smaller than that of W,m , but its variance is slightly larger. The variance of W,m appears to decrease as m increases; the variances show no such pattern for A,m . The Within approach dominates on mean squared error, at least for these values of m.
Simulation 2: treatment assignment depends only on x 2
As before, this generates approximately 100 treated units and 1000 control units, but now the treatment assignment depends only on x 2 . Figure 2 displays a typical covariate distribution for this design. We introduce missing values in x 2 using the same two scenarios as in Section 3.1, and impute missing values from a normal linear regression as before. We run the simulation 1000 times, each time using new values of (X, T, Y, M). Table 2 summarises the results for different m. Here, A,m has substantially smaller bias than W,m . When both treated and control units are missing x 2 , the bias in A,m tends to decrease as m increases; this is not the case for W,m . The variance of W,m continues to be lower than that of A,m and to decrease with m, whereas the variance of A,m does not decrease with m. In this scenario, the Across approach dominates on mean squared error. In this simulation, we assign treatment from Bernoulli distributions where
This generates approximately 100 treated units with treatment assignment depending equally on x 1 and x 2 . Figure 3 displays a typical covariate distribution for this design. We introduce missing values in x 2 values using the same two scenarios as in Section 3.1, and impute missing values from a normal linear regression as before. We run the simulation 1000 times, each time using new values of (X, T, Y, M). Table 3 summarises the results for different m. Here, A,m again has consistently smaller bias than W,m . The differences between the two point estimators are smaller than observed in Table 2 , yet larger than those observed in Table 1 . The bias in A,m decreases as m increases, whereas the bias in W,m does not depend on m. As before, the variance of W,m is smaller than the variance of A,m , and it appears to decrease with m. In this simulation, the Across approach dominates on mean squared error.
Reasons for differences in point estimates
In terms of bias reduction, both approaches perform similarly when treatment assignment is conditionally independent of the variables with missing data, whereas the Across approach offers greater reductions when assignment is conditionally dependent on the variables with missing data. This suggests that the importance of variables with missing data in treatment assignment is key to these differences, as we now explain more fully. When treatment assignment depends only on x 1 , which is fully observed, the true (not estimated) propensity scores and matched control sets are identical for the Across and Within approaches. However, since matching is based on estimated propensity scores, the coefficient of x 2 in the logistic regression is non-zero, so that x 2 does play a typically minor role in the matching. Nonetheless, values of x 1 remain central for matching even for estimated propensity scores. Hence, the Across and Within estimated propensity scores are generally similar in this scenario, which explains the similar bias reductions.
Interestingly in this scenario, the Across treatment effect actually is slightly closer to ¼ 0 than the treatment effect before introducing missing data. For control records with missing x 2 , the Across method effectively averages over the distribution of x 2 to compute propensity scores, resulting in estimates for those records that effectively condition only on x 1 . This closer approximation of the true propensity score model for records with missing x 2 explains why the Across estimates have slightly lower bias than the estimates before introducing missing data. We note that this averaging is not a feature of the Within approach.
When treatment assignment depends on x 2 , as in Simulations 2 and 3, biases increase for both approaches, mainly because now we match based on imputed rather than actual x 2 . Within any completed dataset, the Within method results in very close balance on x 1 and on the completed version of x 2 in the treated and matched control set. However, balance on completed x 2 does not imply balance on actual x 2 . In fact, in the Within method, typically the imputed values of x 2 for records in the matched control sets were larger than those records' true x 2 values; thus, these records' true values of x 2 were smaller than the true values of x 2 for the treated records. In the Across method, the distributions of true x 2 and completed x 2 were similar; however, both sets of values were typically smaller than the true values of x 2 for the treated records. The differences in true x 2 values for the treated and matched control sets were smaller in the Across method than in the Within method. Table 3 . Treatment effect estimates from the Across and Within approaches in the simulation design where treatment assignment depends equally on x 1 and x 2 . The average treatment effect estimates based on the covariates before introduction of missing data is 0.0467. The average treatment effect estimates based on the complete cases when missing data is only introduced into control units' x 2 value is 0.8917. The average treatment effect estimates based on the complete cases when missing data is introduced into both treatment and control units' x 2 value is 0.6973. The Across method selects matched controls with missing x 2 less frequently than the Within method does, thus mitigating the problems from inaccurate balance on true x 2 in missing cases. For example, in Simulation 2, imputed values for x 2 appear in the matched control sets typically around 12% more often in the Within method than in the Across method. Thus, it appears that the advantage of the Across method derives from lesser reliance on (inaccurate) imputed values.
Across
In all simulations, the bias in the Within method does not change (beyond simulation error) as m increases. This is because, given the observed data, each treatment effect estimate is independent and identically distributed. For the Across method, however, the bias appears generally to decrease with m, with smaller reductions for larger m. The estimated propensity scores in the Across method approach their complete-data values as m increases, so that the matching is done on estimated scores that are increasingly closer to fixed values.
With regard to trends in variances, in these simulations the variance for the Across method appears not to decrease with m, whereas the variance for the Within method does. The Across method results in only one propensity score (averaged across imputations) for each unit. Increasing m improves precision of the propensity score estimates for cases with missing x 2 , but this improvement tends to reduce bias rather than variance. On the other hand, the Within method averages treatment effects over independently generated imputations; hence, as with all means, the variance decreases as m increases.
Additional simulations
To investigate if the differences in the Across and Within methods are artefacts of matching without replacement, we repeated the simulations using matching with replacement. The results, presented in Appendix 1 of the online supplement, indicate similar bias and variance profiles as matching without replacement for these scenarios. We also considered three other typical uses of propensity scores for estimating treatment effects that were suggested by reviewers: inverse weighting of the propensity score, regression including the propensity score as a covariate, and subclassification of the propensity score. The results are presented in Appendix 2 of the online supplement. Other than inverse weighting, the general trends in Sections 3.1 to 3.3 for bias persist for these other estimation approaches. For inverse weighting, the Within method tends to result in greater bias reductions than the Across method in all scenarios. We also note that, for these additional methods and the values of m considered here, the variance of A,m can be smaller than the variance of W,m .
Augmenting the Across method
The Across method can be iterated r > 1 times on any dataset, i.e., independently generate m completed datasets r times. One then can estimate using
where b A,m,ðl Þ is the treatment effect estimate from iteration l. In fact, the Within approach can be viewed as an augmented Across approach with m ¼ 1 and r equal to the number of imputed datasets, so that b W,r ¼ b A,1,r . Hence, the decision about using Across or Within approaches can be viewed as selecting (m, r). In this section, we illustrate the potential for bias and variance reduction when setting r > 1 by repeating the simulations from Section 3 with combinations of (m, r) such that m Â r ¼ 100. We generate 1000 simulations, each time using new values of (X, T, Y, M). Table 4 displays simulated expected values, variances, and MSEs of b Amr for the simulation design from Section 3.1. The table also includes expected values of two multiple imputation variance estimators; we defer discussion of these until Section 5. The effect of increasing m on bias reduction is modest. This is because the bias is already small when m ¼ 1, as evident in Table 1 . As r increases, as expected the variance of b Amr is reduced. The smallest mean squared errors are obtained for (m ¼ 2, r ¼ 50), although there is little difference in MSEs up to m ¼ 5. The preference for smaller m reflect the greater gains in precision from increasing r compared to the reductions in bias from increasing m. Table 5 displays results from the simulation design of Section 3.2. Increasing m has a noticeable effect on decreasing bias up until around m ¼ 20, after which reductions are modest. The variance continues to decrease as r increases. In these simulations, setting m ! 10 results in the smallest MSEs. The preference for larger m reflects the greater reductions in bias from increasing m compared to the gains in precisions from increasing r. Results from the simulation design of Section 3.3, displayed in Table 6 , show similar patterns.
Given that different selections of (m, r) can result in different properties, how should one determine them? Ideally, one generates large m and large r, so as to gain benefits in bias reduction and precision. However, it may be impractical to make the total number of imputations (mr) large, so that one must select an allocation. In practice, of course, one does not have the luxury of repeated sampling from known population models to aid decision-making. However, taken together, these simulation results suggest a heuristic for selecting (m, r). When the missing data are not important predictors of treatment assignment -which can be assessed from multiple imputation inference -use a small m and large r. When the missing data are important predictors of treatment assignment, use a large m and small r. We illustrate this heuristic in Section 6. For very large m, the role of r is essentially irrelevant. This is because, by the law of large numbers, the propensity scores approach fixed values as m increases. Hence, for very large m the matched controls obtained will be essentially the same in all sets of m datasets (assuming unique propensity scores), so that b A,m,ðl Þ is fixed for any l. Multiple imputation frameworks are appealing for handling missing data in part because they facilitate accounting for uncertainty due to the presence of missing values. Multiple imputation variance estimators comprise two terms: a complete-data variance (u in the notation of Rubin 18 ) and a between-imputation variance (b in the notation of Rubin 18 ). Unfortunately, it is difficult to estimate components of the multiple imputation variance formula reliably for both the Across and Within methods, as we now document.
Regarding the complete-data variance component, we do not believe that there is one commonly accepted variance estimator for propensity score matching, even when X has no missing values. Some analysts use conservative two-sample variance estimators; 23 some use matched pairs variance estimators; 24, 25 and, others embed treatment effect estimation in regression models based on the matched data. [26] [27] [28] Regarding the between-imputation variance estimators, we first consider the Across approach. Let b ðAmÞ 1 be the between-imputation variance for the Across approach based on m imputed datasets, defined as b ðAmÞ
Obviously when r ¼ 1, as in the standard Across approach, it is not possible to construct a method of moments estimator of b ðAmÞ 1 . The augmented Across approach appears to alleviate this problem since r > 1. However, b ðAmÞ r is not guaranteed to exceed zero. For example, as m ! 1, the Across propensity scores converge to fixed points, so that one set of matched controls is used for all iterations r and b ðA1Þ r ¼ 0. This is the case for any missing data pattern, not just the one observed. Hence, while b ðAmÞ r =r can estimate the variability due to imputations given the observed missing data pattern, b ðAmÞ r itself cannot serve as a valid estimate of the variability over repeated realisations of the missing data pattern.
To investigate the performances of multiple imputation variance estimators for the augmented Across approach, we use the simulations ofSection 4. We estimate the complete data variance u with the two-sample pooled variance estimator or the matched pairs variance estimator; we denote the resulting multiple imputation variance estimates as T pool and T pair , respectively. Tables 4 to 6 display the averages of T pool and T pair over the 1000 simulated datasets. Since we cannot construct a variance estimator when r ¼ 1, we report these results only for r > 1. As evident in the tables, both T pool and T pair greatly over-estimate the true variances, although T pair has smaller bias than T pool .
For the Within approach, let b ðWÞ 1 be the between-imputation variance for the Within approach, defined as
Analysts can estimate b ðWÞ 1 following the usual multiple imputation strategy: take the unbiased estimator b ðWÞ m , i.e., the sample variance of Y ðkÞ mc . Here it is clear that b ðWÞ m =m estimates variability due to imputations given the observed missing data pattern. We also suspect that it is a reasonable estimator of the variability over repeated realisations of the missing data mechanism, although to our knowledge this has not been proved mathematically to be a randomisation-valid variance estimator. We note, however, that some researchers employ the multiple imputation variance estimator for the Within case 17, 29 . Tables 4 to 6 for the Within case (m ¼ 1, r ¼ 100) suggest that this variance estimator can have positive bias.
Clearly, developing accurate multiple imputation variance estimators for both the Across and Within approaches is a key area for future research.
Empirical comparison using genuine data
We now apply the Across and Within approaches on data intended to inform analysis of the effects of breast feeding on child's later cognitive development. The data are a subset of the U.S. National Longitudinal Survey of Youth, commonly referred to as the NLSY79. We have analysed these data previously to illustrate latent class, general location mixture models for multiple imputation of missing covariates. We refer readers to our article 25 on these techniques for more description of the data. Our purpose here is to compare the Across and Within methods; we do not claim that the analyses here represent valid causal inferences.
The response variable is the Peabody individual assessment test math score (PIATM) administered to children at 5 or 6 years of age. The treatment variable is breast feeding duration, which is measured in weeks. We dichotomise this variable into a control condition, <24 weeks, and a treatment condition, !24 weeks. The 24-week cutoff corresponds to the number that has been given by the American Academy of Pediatrics 30 and the World Health Organization as a minimum standard for breast feeding duration.
We use the same 14 covariates as in our previous analyses. 25 These include child's race (Hispanic, black or other), mother's race (Hispanic, black, Asian, white, Hawaiian/Pacific Islander/American Indian or other), child's sex, two variables indicating whether the spouse or grandparents were present at birth, the number of weeks the child was born premature (0 weeks, 1 to 4 weeks, and 5 or more weeks with cut points determined from guidelines of the March of Dimes), the number of weeks that the mother worked in the year prior to giving birth (not worked at all, worked between 1 and 47 weeks, worked 48-51 weeks, and worked all 52 weeks), number of years between 1979 and the mother's age at the child's birth, mother's intelligence as measured by an armed forces qualification test, mother's highest educational attainment, child's birth weight, the number of weeks that the child spent in hospital, the number of weeks that the mother spent in hospital, and family income. We apply Box-Cox transformations 31 to several variables to facilitate imputation modelling. Three covariates were completely observed in the study, and nine covariates had missing data rates of less than 10%. The two covariates with the largest rates of missing data were family income (22.4%) and the number of weeks that the mother worked in the year prior to giving birth (23.1%).
For this empirical comparison, we begin by creating a fully observed sample: we discard all units with missing values in any covariates, breast feeding duration, or PIATM score. We include youths only if they are first born and are singleton births. The resulting data comprise 1306 youths, of whom 216 are treated. The difference between the sample average PIATM for the 216 treated records and 1090 controls is 5.65.
Among these 1306 cases, several covariates are clearly imbalanced in the treated and control groups. As examples, Figure 4 summarises the distributions of mother's intelligence score and education for treated and control units, and Table 7 displays the proportion of treated and control units in each level of child's race. Treated units tend to have higher mother's intelligence scores, more mother's years of education and lower proportions of Hispanics and blacks. After matching on estimated propensity scores, which we computed with a logistic regression of treatment on main effects of all covariates, the estimated treatment effect is 2.32.
To compare the Across and Within methods, we introduce missing values by randomly sampling with replacement from the missing covariate patterns present in the original data. This results in 717 units with fully observed covariates; the remainder have some missing data. For imputation, we use the data augmentation algorithm based on the general location model, 32 which is a convenient modelling strategy to handle missing values in mixed categorical and continuous data. We run the model for both treated and control records simultaneously, including an indicator for treatment effect in the imputation model. We observe similar results when imputing the missing values for treated and control units separately. We run the data augmentation algorithm for 200,000 iterations after discarding an initial 1000 as burn-in. Autocorrelation diagnostics indicate that parameters are approximately uncorrelated after twenty iterations of the algorithm, so that we have potentially 10,000 completed datasets to work with for the Across and Within approaches.
We repeat the process of generating missing data patterns and 10,000 completed datasets ten times. In each case, we compute b A,m,r for various combinations of (m, r) such that mr ¼ 10,000. Table 8 summarises the averages and variances of b A,m,r across the ten replications. Generally, there is not much difference among the average point estimates across the different combinations; in fact, the average b A,m,r are within simulation errors of one another. We note that all of the treatment effect estimates are lower than the complete-data estimate of 2.32.
Why are the results similar for different values of (m, r)? In the simulation studies, the Across and Within methods yield similar results when the missing values are not strongly associated with treatment assignment. This is largely the case for these 1306 records: the variables with the highest fractions of missing data are not that strongly associated with assignment, as indicated by the propensity score regression on the 1306 cases (see Appendix 3 in the online supplement for the results). We also ran a simulation with a modest value of m, which is often the case in practice. Specifically, we created 100 incomplete data sets by repeatedly drawing from the missing data patterns. For each of these data sets, we ran the data augmentation algorithm to generate 30 multiply imputed datasets. We compute both b A,30,1 and b A,1,30 , i.e. the Across and Within methods used in Section 3. Figure 5 displays boxplots of the treatment effect estimates from both methods. Both methods yield similar point estimates on average, but the Within method has smaller variability. These results accord with the findings from the simulations in Section 3.1. 
Concluding remarks
In the simulations studied here, the Across approach had the potential for greater bias reduction than the Within approach when treatment assignment depended on the missing covariates. However, the Within approach resulted in smaller variances than the Across approach. Of course, as with any simulation study, these results may have limited generalisability. For some response surfaces, covariate distributions, treatment assignments, or missing data patterns, it may be that one approach always dominates the other. Alternatively, in other settings the two approaches may always give the same answer, for example if data were missing only for control units in a region of covariate space far away from that of the treated units (these units never would be selected as matches). Furthermore, the choice of imputation model also affects treatment effect estimates, 25 as might the choice of whether or not to condition on the response in the imputation models. 20 Thus, we recommend that analysts run simulation studies akin to the one done on the complete cases in the breast-feeding simulation study to get a rough guide of the relative potentials of each procedure for bias reduction. When such studies are not possible, we suggest the augmented Across approach as a default, since it showed the potential for greater bias reductions in the artificial-data simulations. To choose m and r, we suggest following the heuristic described in Sections 4 and 6. Further investigation and development of approaches to select m and r represents an interesting direction for future research.
